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Abstract: Multiclass motor imagery classification is essential for brain–computer interface systems
such as prosthetic arms. The compressive sensing of EEG helps classify brain signals in real-time,
which is necessary for a BCI system. However, compressive sensing is limited, despite its flexibility
and data efficiency, because of its sparsity and high computational cost in reconstructing signals.
Although the constraint of sparsity in compressive sensing has been addressed through neural
networks, its signal reconstruction remains slow, and the computational cost increases to classify
the signals further. Therefore, we propose a 1D-Convolutional Residual Network that classifies EEG
features in the compressed (sparse) domain without reconstructing the signal. First, we extract only
wavelet features (energy and entropy) from raw EEG epochs to construct a dictionary. Next, we
classify the given test EEG data based on the sparse representation of the dictionary. The proposed
method is computationally inexpensive, fast, and has high classification accuracy as it uses a single
feature to classify without preprocessing. The proposed method is trained, validated, and tested using
multiclass motor imagery data of 109 subjects from the PhysioNet database. The results demonstrate
that the proposed method outperforms state-of-the-art classifiers with 96.6% accuracy.

Keywords: compressive sensing; sparse representation; motor imagery EEG classification; 1D-CNN;
residual networks

1. Introduction

Compressive sensing (CS) is an imminent signal-processing algorithm in areas such
as video and image processing, magnetic resonance imaging (MRI) acquisition and re-
construction, and electroencephalogram (EEG) monitoring [1]. In a CS framework, we
represent signals using a few nonzero elements on a suitable basis. This process is known
as sparse representation. Then, we reconstructed the sparse signals through nonlinear
optimization from these few nonzero coefficients. A great deal of research has been con-
ducted in the healthcare industry on applying the CS framework to evolving fields such as
brain–computer interfaces (BCIs).

BCI systems intend to provide an alternative communication channel for the brain’s
responses involving the subject’s voluntary adaptive control [2]. Electroencephalography
(EEG) is globally accepted among practitioners in developing BCI systems because of its
inexpensiveness, noninvasiveness, and effectiveness in capturing the electrical activity of
the brain. In the motor imagery (MI) process, an individual imagines a task involving
moving parts of the body without moving the body parts physically. When the user
imagines moving a body part (for example, legs, hands), event-related synchronization
(ERS) and event-related desynchronization (ERD) develop in the power of the oscillatory
EEG [3] Detection of the distinct variations in the association between ERS and ERD
forms the basic principle of MI BCI. The BCI-based classification system involves the
collection of EEG data acquisition while the subject performs the MI task, feature extraction,
and classification of MI for its neuroprosthesis application. We used a multichannel EEG
amplifier to acquire EEG and remove noise and other artifacts from the signal to improve the
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signal-to-noise ratio. After preprocessing the signals, many feature extracting techniques,
such as spatial and bandpass filtering, were used to extract the signals [4]. Later, these
extracted features were used for training and testing the classification model. We have to
extract these features in both the training and testing phases. The classification accuracies
are compromised because of the non-stationarity of brain responses in MI-related tasks.
Therefore, for a real-time BCI system, the input features must be invariant to data variations
caused by the non-stationarity of the signals. Additionally, we have to develop classification
algorithms that can track these changes [4].

The CS framework applied to a wearable EEG-based BCI [5] is energy-efficient and
can perform real-time wireless data transmission, signal acquisition, and signal processing.
In a CS-based BCI system, the signals are compressed as a linear superposition of a few
coefficients at the transmission end. Following that, these sparse coefficients are used for
signal reconstruction at the receiver end, followed by feature extraction and classification
(see Figure 1).
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However, the reconstruction of the signal is computationally expensive and com-
plex. A survey of recovery algorithms in compressive sensing is presented in [6], which
mentions each algorithm’s computational complexity in reconstructing the signal at the
receiver end [1,7,8]. The classification of EEG signals is essential for an MI-based BCI
system. Therefore, the sparsity-based classification system is efficient for an MI-based
BCI system, eliminating the signal reconstruction and feature extraction at the receiver
end [9]. This method reduces the memory required to store the reconstructed signal, lowers
the computation cost, and develops a real-time prediction system. Researchers refer to
such sparse representation-based classification (SRC) algorithms as ‘compressive feature
learning’ algorithms [1]. First, the signals are represented as a sparse linear combination of
extracted features from a dictionary, either predefined in the literature or learned from the
data. Research is limited on dictionary learning and sparse representations compared with
predefined dictionaries [10]. Next, state-of-the-art pattern recognition classifiers were used
by researchers to classify these sparse features, such as support vector machines (SVMs)
and linear discriminant analysis (LDA) classifiers [10–12]. However, such systems need two
or more classifiers to address the multiclass classification problem and the computational
cost and time increase with such classifiers [13]. The accuracy of 92% was achieved by [11]
using four SVM classifiers in a one-vs-all scheme to classify four-class MI data.

In contrast, deep learning techniques such as convolutional neural networks (CNNs)
can learn high-level features as the deep-stacked layers enhance the feature levels [14].
Many neural network models in the literature, such as [15–21], classify EEG signals. Further-
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more, there is no need to stack two or more classifiers for a multiclass classification problem.
However, poor classification accuracy was observed in the literature for sparsity-based
classification using deep learning models.

Therefore, we introduce a novel sparse representation-based multiclass EEG classifica-
tion method that reduces computational complexity and time while increasing classification
accuracy. We extracted wavelet features (energy and entropy) directly from the raw EEG
data, eliminating the preprocessing step. The length of the EEG epochs plays an essential
role in improving the classification accuracy of the machine learning models. Therefore,
we investigated different epoch lengths to identify which yields better classification ac-
curacy. This paper aims to find an optimal epoch length for an MI-based classification
while maintaining classification accuracy. In addition, we aimed to develop a framework
that works efficiently for all users irrespective of their proficiency in MI-based BCI train-
ing. Therefore, we performed a subject-independent classification where we acquired
training and testing data from different subjects. Finally, the proposed method retains the
following contributions:

• Works well without preprocessing, such as using bandpass or spatial filters.
• Maintains the classification accuracy irrespective of the users’ proficiency in perform-

ing MI tasks.
• The classification accuracy is improved with the selected channels related to the

sensory motor cortex region.
• The accuracy is optimal with reduced epoch lengths and is therefore suitable for a

real-time MI-based BCI.
• The proposed method is computationally inexpensive and faster than other machine

learning algorithms.

The rest of the paper is organized as follows. Section 2 presents an overview of
the methodology and the algorithms used in this manuscript, and Section 3 describes
the classification results and compares the results with those of state-of-the-art methods.
Section 4 presents a discussion and conclusions.

2. Materials and Methods

This paper proposes a sparse representation-based (SRC) EEG classification system
using 1D-ConvResNet, as shown in Figure 2. We used the EEG data from the PhysioNet
database [22]. We extracted EEG epochs (segments) and computed the feature vector. We
noticed that each vector (feature) for a given trial has a dimension of epochs * channels.
Next, we used k-fold crossvalidation to randomly split the feature vectors into training and
testing samples. Next, we constructed the dictionary using the training data associated
with feature vectors. Finally, we classified the sparse feature vectors directly without
constructing a dictionary for the test data. A detailed description of the methodology is
present in this section.

2.1. EEG Dataset

We used EEG recordings of 109 subjects performing four motor/imagery tasks using
a 64-channel BCI2000 system to construct a general-purpose BCI system available in
PhysioNet database [23]. Each subject performed 14 experimental runs containing two
baseline runs and three two-minute runs of real/imaginary motor tasks. We used only
the data corresponding to the MI tasks, as the BCI requires only imaginary movements
for classification. The timing of the experiment is displayed in Figure 3. The experimental
setup was as follows. The first two runs were the baseline runs, one with eyes open and
the other closed. Next, the subject imagined opening/closing the left/right fist according
to the displayed cue on the left/right side of the screen. If the visual cue appeared on the
top of the screen, the subject was to imagine closing and opening both fists. If the visual
cue was on the bottom of the screen, the subject was to imagine opening and closing both
feet. The subject then relaxed after each cue.
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2.2. Feature Extraction and Dictionary Construction

We took each trial of the raw EEG data (t = 0 s to t = 6 s) and extracted epochs every
half second, as MI only lasts for half a second [10]. We extracted wavelet features (energy
and entropy) using discrete wavelet transform (DWT) from each epoch, and for each class,
as it produces a great distinction between the MI classes, which results in improved model
accuracy [15–17,24]. In DWT, a signal s [n] was passed through high-pass and low-pass
filters to extract the respective frequency components. The low-pass filtered signal was
downsampled at each level with a factor of 2 (see Figure 4) [18]. The coefficients from
the low-pass filtered signal are known as approximate coefficients, and those from the
high-pass filtered signal are referred to as detailed coefficients. We used the fourth-order
Daubechies wavelet (db4) for wavelet feature extraction, as it is appropriate for analyzing
EEG signals because of its smoothing [16]. Energy and entropy were calculated from the
decomposed wavelet coefficients of the subbands and concatenated as dictionaries for each
class. The training sample is the transpose of each epoch’s feature vector.
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We calculated wavelet dictionaries for each class separately and concatenated them
into a single dictionary (D) as follows:

D = [D1‖D2,...‖Di] ∈ Rm×n (1)

where D1, D2, . . . , Di are the dictionaries of each class (i = 0, 1, 2, 3, as we have four classes),
and D is overcomplete.

2.3. Sparse Representation

A sparse signal is a linear combination of a few coefficients selected from a prearranged
overcomplete dictionary. The dictionary is constructed with the feature vector obtained
from the wavelet features in D. According to CS theory, we can represent sparse signals
using some basis. For a dictionary D ∈ Rm×n and test data yi ∈ Rm of class Ci (see Figure 5),
we aimed to find the sparse feature (coefficient) vector αi ∈ Rn such that

yi = Dαi (2)

which can be represented as

yi = αi,1di,1 + αi,2di,2 + · · ·+ αi,ni di,ni (3)

where sparse coefficient vector is defined by α =
[
0, 0, 0, . . . , αi,1, αi,2, . . . , αi,ni , 0, 0, 0, . . . , 0

]
,

representing the nonzero coefficients for the ith class; thus, the corresponding EEG feature
class can be determined. The given test feature vector is a linear superposition of the
training sample feature vectors.
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The sparsest solution of yi = Dαi can be obtained by minimizing the l0-norm given by
Equation (4) as follows:

min
αi
‖αi‖0 subject to yi = Dαi (4)

where ‖.‖0 calculates the nonzero coefficients in αi. The sparsest solution for the above
equation is both NP-hard and numerically unstable because it requires all the possible com-
binations for the nonzero element positions in αi, which is a large number. The literature
provides many algorithms divided into convex relaxation methods and greedy approx-
imation methods to solve the above equation. The convex relaxation methods include
linear programming (LP), least absolute and shrinkage operator (LASSO), and iterative
shrinkage and thresholding (ISTA); these methods relax l0-minimization to l1-minimization.
Greedy approximation algorithms, such as orthogonal matching pursuit (OMP), give an
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approximate optimal solution instead of solving the l0-minimization problem. In this paper,
we performed the l1-minimization given in Equation (5):

α̂ = argmin‖αi‖0 subject to Dαi = yi, (5)

In an ideal situation, Equation (5) should have nonzero elements corresponding to yi.
By analyzing nonzero coefficients in α̂, the ith class can be determined. While considering
the limitations in modeling and noise, α̂ is not precisely zero, but it is close. Equation (6)
was used to overcome this issue.

r1(y) = ‖y− Dδi(α)‖2 (6)

We classified the test sample (sparse coefficients) using the above equation according
to the residual approximations. The residual approximation must be sufficiently small to
ensure that the test sample is close to the given class. By nullifying all the other coefficients
corresponding to the other classes, i, δi(α) is obtained, and we can classify class (i) by
assessing the residuals as expressed in Equation (7).

class (y) = argminri(y) (7)

2.4. Sparsity-Based Classification
2.4.1. Residual Network Theory

Deep CNN layers encounter vanishing or exploding gradient problems, as the back-
propagation calculation of the gradient may lead to an exponential increase or decrease in
the gradient with an increasing number of layers. Additionally, the training error might
increase because of network degradation [25]. Furthermore, the model’s learning rate
decreases when there are several deep convolutional layers, and consequently, the accuracy
is impacted. For CNN models, each layer’s input is derived from the previous layer’s
output; hence, the model may collapse if it possesses many layers due to the calculation
of gradients. Therefore, we introduce a residual network with a ‘shortcut’ structure [19].
The output of the middle layer was added to that of the first layer. The residual structure
learns the difference between an optimal solution and a congruent mapping instead of just
learning input–output mapping, as shown in Equation (8) [20,26].

F(y) = H(x)− x (8)

where x is congruent mapping and H(x) is the optimal solution.
Despite their advantages, traditional 2D-CNNs cannot be used to train and classify

1D sparse data. The signal should be represented in a 2D space to classify with 2D-CNNs.
Therefore, we introduced a 1D-CNN to classify sparse features. A 1D residual learning
block can efficiently overcome the performance degradation encountered with traditional
1D-CNNs [26]. The 1D-CNN reduces the features from the one-dimensional data sequence
and maps its internal features. 1D-CNN helps analyze the sparse features of time series
data, as the convolutional layer works on the fixed-length dataset, and the features can be
located at any part of the segment. A kernel of a specified length is moved over the data by
overlapping the layers to lose no features.

The architecture of the proposed 1D-ConvResNet model is shown in Figure 6, and
each module proposed in the architecture is detailed in this section.

2.4.2. Input Module

The sparse EEG coefficients were taken as input to the 1D-convolutional layer. Here
we used stride length as three instead of a pooling layer, as a large stride can result in
adaptive learning of convolution kernel [26]. Next, we used a rectifier linear unit (ReLU) as
an activation layer. The activation function either transforms the node’s summed weight
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into the node’s activation or lets the input pass out of the layer. ReLU is a linear function
that allows only positive outputs while thresholding the remaining outputs to zero [27].
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While training a deep neural network (DNN) with many layers, the model might
become susceptible to the structure of the learning algorithm and initial random weights.
This is because the distribution of input layers may change when initial weights are
updated after each minibatch. This disruption is known as ‘internal covariate shifting’.
Batch normalization (BN) was used to normalize the inputs for each minibatch addressing
internal covariate shifting [28]. Therefore, this procedure helps alleviate the learning
process and reduces the number of training epochs in the neural network. The sparse EEG
coefficients of each class are passed through the 1D-convolutional layer with an input shape
(N, 1). N is the number of sparse coefficients for each category.

2.4.3. Residual Learning Module

The residual module contains different combinations of layers in two blocks: identity
and convolutional blocks [20] (see Figure 7). The output of the input module was taken as
the input of the residual module. We divided the residual learning module into four stages,
each consisting of a convolutional block and a series of identity blocks (see Figure 7). The
number of filters for both blocks increases with the depth of the network to extract more
relevant information required for the classification [19]. The convolution lock consists of a
convolutional layer added to the shortcut structure.

2.4.4. Classification Module

The final module in the architecture (see Figure 6) is a classification module. In this
module, we first flatten the entire pool of the feature map matrix obtained from the residual
module to a single column and then feed it to the neural network. Then, we add a dropout
layer to avoid overfitting of the residual network [25]. Next, the fully connected layers are
activated by ReLU. The final layer is the classification layer, which contains the number
of classes with a Softmax activation function, a probabilistic mathematical function that
returns the index in a list that includes the most significant probability value. This function
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maps the output of the fully connected layers (neurons) to values in the range of (0, 1) so
that they sum to 1. Equation (9) expresses the Softmax function:

s(Ci) =
eCi

∑n
j=1 eCj

(9)

where s(Ci) is the probability distribution of C belonging to the ith class, Ci is the input
feature of the Softmax function, and j is the total number of classes corresponding to
the different MI tasks. Hence, the Softmax function classifies the probability distribution
estimate and reflects the class in the given list of targets that achieves the highest score for
the given training/test sample.
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2.5. Subject-Independent Classification

BCI systems need large-scale MI data for training and classification. Many subject-
specific classification models have been proposed in the literature for BCI systems [2,10,29–38].
However, individuals cannot imagine a motor task beyond a certain duration, and even
across different sessions, the data collected from the same subject may present any external
artifacts, leading to intrasubject variability [39]. Consequently, researchers have started
collecting small samples from many subjects instead of collecting many samples from
each subject in a single session [22,39]. A BCI system should perform subject-independent
classification (see Figure 8) as it helps adapt to many people [40]. We used 82 subjects
(80%) EEG data for training and validation and the remaining 21 subjects (20%) EEG data
for testing. The sampling frequency of the data was 160 Hz. We excluded the data from
6 subjects because of the presence of mistrials, which would lead to discrepancies in the
training, validation, and testing of the model [41]. Hence, subject-independent classification
is performed on the EEG data from 103 subjects recorded during 4 MI tasks (left fist, right
fist, both fists, and both feet). The subjects were split randomly for k-fold crossvalidation,
where (k-1) folds are used for training, and the remaining fold was used for validation.
Finally, we saved the model weights and tested the model with the remaining 20% of the
samples from the subjects not known to the model.
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Figure 8. Subject-independent classification using transfer learning. We trained the model using
training subjects’ data. Later, we classified test subjects’ data using the trained weights.

3. Results

We ran the model on a PC with an Intel® Core™ i7 processor, 16 GB RAM, NVIDIA
GeForce RTX 2070 GPU with 8 GB memory, and software (Python 3.7 and TensorFlow 2.2).

3.1. Subject-Independent Classification

We performed the subject-independent classification where training, validation, and
testing were performed on the MI data of different subjects (see Figure 9). Testing the
model on data corresponding to different subjects from the trained data is challenging, as
differences in the subjects’ motor skills may result in variations in imagining the movements.
The diagonal cells of the confusion matrix (Figure 9a) show that the model achieves 100%
classification accuracy on the MI of the right fist. The areas under the ROC curves and the
precision–recall curves also validate these results; the subject-independent classification
accuracy is 96.6%.

3.2. Performance of the Proposed Method with Different Epoch Lengths

Each trial of the MI task in the dataset lasts 4 s, and any subject can perform the MI task
many times during one trial. According to [10], one MI lasts for 0.5 s. Therefore, we used an
initial length of the epoch as 0.5 s. However, it is essential to decrease the epoch length to
reduce the computational time for a real-time BCI system. Therefore, we extracted different
epoch lengths to investigate which epoch length yields a better classification accuracy and
lesser computational time in training and testing. Table 1 presents the training and testing
computational time and accuracy of different epoch lengths for the proposed method. It is
evident that the training time increased with decreasing length of the epochs, and testing
time was significantly reduced. However, classification accuracy was highly compromised
for 0.2 s followed by 0.3 s. We can consider 0.4 s epoch length for optimal accuracy and
computational time, but 0.5 s epochs have greater accuracy than other epoch lengths.

Table 1. Performance of the proposed method with different epoch lengths.

Epoch
(Length of Trial in Seconds) Accuracy (%) Training Time (s) Testing Time (s)

0.1 76.08 ± 0.45 300 0.25

0.2 62.59 ± 0.25 259.06 0.33

0.3 72.8 ± 0.24 140.8 0.39

0.4 90 ± 0.16 110.63 0.45

0.5 96.6 ± 0.18 98 0.5



Signals 2023, 4 244Signals 2023, 4, FOR PEER REVIEW  10 
 

 

 
(a) 

 
(b) 

 
(c) 

Figure 9. Cont.



Signals 2023, 4 245Signals 2023, 4, FOR PEER REVIEW    11 
 

 

 

(d) 

Figure 9. Classification results for the subjects in the PhysioNet dataset (test data) for subject‐inde‐

pendent classification. (a) Confusion matrix. The model achieves 100% accuracy for right fist MI. (b) 

Precision–recall curve.  (c) ROC curves.  (d) Zoomed‐in view of  the upper  left corner of  the ROC 

curve plot. Precision–recall curve and ROC plot also validate these results. 

3.2. Performance of the Proposed Method with Different Epoch Lengths 

Each trial of the MI task in the dataset lasts 4 s, and any subject can perform the MI 

task many times during one trial. According to [10], one MI lasts for 0.5 s. Therefore, we 

used an initial length of the epoch as 0.5 s. However, it is essential to decrease the epoch 

length  to  reduce  the computational  time  for a  real‐time BCI system. Therefore, we ex‐

tracted different epoch lengths to investigate which epoch length yields a better classifi‐

cation accuracy and lesser computational time in training and testing. Table 1 presents the 

training and testing computational time and accuracy of different epoch lengths for the 

proposed method. It is evident that the training time increased with decreasing length of 

the epochs, and testing time was significantly reduced. However, classification accuracy 

was highly compromised for 0.2 s followed by 0.3 s. We can consider 0.4 s epoch length 

for optimal accuracy and computational time, but 0.5 s epochs have greater accuracy than 

other epoch lengths. 

Table 1. Performance of the proposed method with different epoch lengths. 

Epoch 

(Length of Trial in Seconds) 
Accuracy (%)  Training Time (s)  Testing Time (s) 

0.1  76.08 ± 0.45  300  0.25 

0.2  62.59 ± 0.25  259.06  0.33 

0.3  72.8 ± 0.24  140.8  0.39 

0.4  90 ± 0.16  110.63  0.45 

0.5  96.6 ± 0.18  98  0.5 

   

Figure 9. Classification results for the subjects in the PhysioNet dataset (test data) for subject-
independent classification. (a) Confusion matrix. The model achieves 100% accuracy for right fist MI.
(b) Precision–recall curve. (c) ROC curves. (d) Zoomed-in view of the upper left corner of the ROC
curve plot. Precision–recall curve and ROC plot also validate these results.

3.3. Performance of the Proposed Method with Different Epoch Lengths and Selected Channels

The EEG data of the dataset used in this manuscript is 64 channel EEG data. However,
MI tasks only activate the sensorimotor areas for the MI task. Therefore, we selected the
EEG channels corresponding to the motor cortex region. These include FC1, FC2, FC3, FC4,
FC5, FC6, C1, C2, C3, C4, C5, C6, CP1, CP2, CP3, CP4, CP5, and CP6. We used different
epoch lengths, and the selected channels applied the proposed methodology (see Table 2).
There was a significant improvement in accuracy, training, and testing times with the
selected channels.

Table 2. Performance of the proposed method with different epoch lengths and selected channels.

Epoch
(Length of Trial in Seconds) Accuracy (%) Training Time (s) Testing Time (s)

0.1 77.9 ± 0.18 250 0.18

0.2 63 ± 0.22 213.45 0.18

0.3 76.85 ± 0.18 125 0.2

0.4 94.8 ± 0.25 96.25 0.32

0.5 98.75 ± 0.46 75 0.33

3.4. Performance of the Proposed Method with Different Features

State-of-the-art machine learning algorithms have used various features in the wavelet
domain, frequency domain, and time domain to classify MI EEG data. To investigate the
efficiency of the proposed model, we extracted different features from the EEG epochs.
However, constructing a single overcomplete dictionary based on these features takes
more computational time. Therefore, we compared additional features individually using
the proposed method for accuracy and computational time. The performance of the
proposed method using different features is presented in Table 3. We used 0.5 s epoch
lengths to compare as they yield better classification accuracy. In addition, the combined
wavelet features with energy and entropy produced better classification accuracy than
other methods.

3.5. Comparison of the Proposed Model with Different Classification Models

To investigate the competence of the proposed method, we compared it with four
different classifiers: k-NN, LDA, SVM, and CNN (see Table 4). The first three classifiers are
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binary classifiers, and hence we must combine the classifiers in a one-vs-one manner. CNN
can be carried out with a multiclass classification. We used the Scikit Learn library in Python
to classify using the first three classifiers. TensorFlow was used for classification using
CNN. Next to the proposed model, SVM has better classification accuracy and computation
time. However, the computational cost increases as we must carry out a series of binary
classifications in a one-vs-one manner. Although CNN carries out a multiclass classification,
its accuracy is significantly compromised as we tried to train and classify 1D-data with
2D-CNN.

Table 3. Performance of the proposed method with different features.

Features Accuracy (%) Training Time (s) Testing Time (s)

Wavelet entropy 93 ± 0.28 110 0.34

Wavelet energy 93.9 ± 0.25 111 0.34

Kurtosis 86.11 ± 1.26 122.76 0.34

Wavelet entropy + Wavelet
energy (Proposed) 96 ± 0.19 125.6 0.38

Power spectral density 91.2 ± 0.84 156 0.54

Common spatial pattern 94.5 ± 0.456 142 0.45

Table 4. Comparison of the proposed model with different classification models.

Classifier Accuracy (%) Testing Time (s)

SVM 92.46 ± 0.28 0.45

LDA 68 ± 2.98 0.78

k-NN 56.2 ± 2.74 0.76

CNN 66.9 ± 0.25 0.62

Proposed model 96.6 ± 0.18 0.38

3.6. Comparison with State-of-the-Art Methods

The subject-independent classification accuracy for the proposed model is 96.6%,
outperforming all state-of-the-art methods (refer Table 5). Most existing methods are built
on the EEGNet architecture [34], which was initially proposed to classify P300 data [35].
Hence, the classification accuracy is compromised for MI data. Furthermore, all previous
state-of-the-art methods require more storage space and higher computational cost for the
data than the proposed method, as they were not optimized for compressed features. The
proposed method achieves higher subject-independent classification accuracy than the
existing methods with less storage space and a computational time of 0.32 s, sufficient for
real-time classification.

Table 5. Comparison with state-of-the-art methods.

Methodology Accuracy (%) k-Coefficient Values

Deep recurrent CNN [40] 70.64 -

EEGNet Fusion [42] 83.8 -

CNN [43] 65.73 -

CNN + electrode pair signals [44] 72.51 -

EEGNet [33] 65.07 -

Proposed method 96.6 0.95
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4. Discussion

State-of-the-art methods use different machine learning, and deep learning algorithms
carry out feature-based EEG classification, which is computationally expensive, and the
accuracy is compromised. Furthermore, subject-independent classifications suffer from
intersubject variability in performing the MI tasks. The proposed methodology overcame
these limitations, and we discuss each scenario in detail in this section.

4.1. Accuracy

First, we extracted the wavelet features (energy and entropy) for the sparse representa-
tion of EEG data. The wavelet transform enables the signal decomposition into subsignals
consisting of different frequencies (high and low) with distinct spatial and directional
characteristics [45]. Therefore, the sparse representation of wavelet features (energy and
entropy) provides the discriminable features necessary for EEG classification in the sparse
domain [10]. Then, a sparse dictionary was constructed based on the wavelet features. The
overcomplete dictionary D consists of four sub-dictionaries corresponding to each class of
the data (refer to Equation (1)). Hence, there is a high variance between the sub-dictionaries,
and each test signal can be represented through the sub-dictionary corresponding to the
class. Therefore, there is no chance of misrepresentation of the class of the test signal, and
the classification accuracy is significantly improved.

Furthermore, we have used different epoch lengths to investigate which epoch length
yields better classification accuracy in two scenarios: without selecting channels and with
selecting channels. The dataset contains 64-channel EEG data and MI tasks only activate the
sensorimotor areas for the MI task. Hence, we selected the EEG channels corresponding to
motor cortex region, and there was a significant improvement in training time and testing
time improved with selected channels along with classification accuracy.

We have compared our methodology with state-of-the-art methods. The proposed
methodology that outperformed other studies has two major drawbacks. Firstly, selection
of features for sparse representation as the sparse features should be able to carry enough
information for classification [40]. Second, the proposed classifiers were based on EEGNet
architecture, which was initially proposed to classify P300 data [33].

4.2. Computational Time

The MI-based classification algorithms require heavy preprocessing of the data, such as
artifact removal, filtering (bandpass), feature extraction, feature selection, and classification.
Hence, the computational cost and time increase with such procedures. On the other hand,
the proposed method extracts the wavelet features directly from the raw EEG without
preprocessing, and an overcomplete dictionary was built through uncorrelated sub-matrices
corresponding to four different classes. After constructing the overcomplete dictionary,
the sparse coefficients were obtained and used for classification. The purpose of sparse
representation is to form a redundant dictionary with few coefficients corresponding to
each class of data for training the model. As a result, the testing signal requires only the
time to calculate a single sparse feature for classification.

Furthermore, we used 1D-ConvResNet, which efficiently learns and classifies the
sparse features and can be used for a multiclass classification instead of combining binary
classifiers. Hence, the computational cost was significantly reduced compared to other
machine learning algorithms.

4.3. Intersubject Variability

Large-scale MI data are needed to build a BCI system. Many subject-specific classifica-
tion models have been proposed for BCI. One should note that the subject’s performance in
the MI task will degrade after a certain time. Hence, researchers often collect data across
multiple sessions to minimize this performance degradation; nevertheless, intrasubject
variability can still be observed [38]. In recent years, databases have been constructed
with the MI data of many subjects with fewer subject-specific sessions to perform subject-
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independent classification [22,38]. The subject variability issue in subject-independent
classification is controversial; however, this issue is also present in subject-specific classifica-
tions. Recent studies have performed subject-independent classification with low accuracy
(see Table 4). One reason is that variable subject-related artifacts, such as the subject’s
mental state, can affect the MI task data. Feature extraction methods such as wavelet
features can effectively extract EEG band information related to MI tasks (8–30 Hz) with
less computational complexity. This proposed methodology has addressed intersubject
variability issues by extracting maximum signal information associated with MI tasks and
representing its corresponding class efficiently.

4.4. Limitations of Validation

We have carried out a subject-independent classification, and the intersubject variabil-
ity threats can still be debated. All the results mentioned in this paper are subject to the
proposed computing environment; hence, the results can differ in k-fold crossvalidation in
other computing environments. As mentioned earlier, we did not remove any artifact from
the EEG data, and the results may vary with more preprocessing of the data. Finally, we
compared our results with state-of-the-art methods proposed for the sparse representation-
based classification, and the results may differ from traditional classification models.

4.5. Conclusions

In this study, we aimed at developing a novel SRC-based classification framework that
is suitable for real-time classification. We have investigated and compared our proposed
methodology with different features, epoch lengths, selected channels and epoch lengths,
classification models, and state-of-the-art studies. The proposed methodology uses sparse
wavelet features (energy and entropy) and 1D-ConvResNet and outperforms state-of-the-
art models for SRC-based classification.
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